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The historical observational record offers a way to
constrain the relationship between cumulative carbon
dioxide emissions and global mean warming. We use
a standard detection and attribution technique, along
with observational uncertainties to estimate the all-
forcing or ‘effective’ transient climate response to
cumulative emissions (TCRE) from the observational
record. Accounting for observational uncertainty and
uncertainty in historical non-CO2 radiative forcing
gives a best-estimate from the historical record of
1.84°C/TtC (1.43–2.37°C/TtC 5–95% uncertainty) for
the effective TCRE and 1.31°C/TtC (0.88–2.60°C/TtC
5–95% uncertainty) for the CO2-only TCRE. While
the best-estimate TCRE lies in the lower half of the
IPCC likely range, the high upper bound is associated
with the not-ruled-out possibility of a strongly
negative aerosol forcing. Earth System Models have
a higher effective TCRE range when compared like-
for-like with the observations over the historical
period, associated in part with a slight underestimate
of diagnosed cumulative emissions relative to the
observational best-estimate, a larger ensemble mean-
simulated CO2-induced warming, and rapid post-
2000 non-CO2 warming in some ensemble members.
This article is part of the theme issue ‘The Paris
Agreement: understanding the physical and social
challenges for a warming world of 1.5°C above pre-
industrial levels’.
2018 The Authors. Published by the Royal Society under the terms of the
Creative Commons Attribution License http://creativecommons.org/licenses/
by/4.0/, which permits unrestricted use, provided the original author and
source are credited.
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1. Introduction
The use of Earth System Models (ESMs), full complexity climate models which explicitly
simulate important biogeochemical cycles (such as carbon) in the climate system, have
enabled an improved understanding of the link between emissions of climatically important
gases and realized climate change [1,2]. As atmospheric carbon dioxide (CO2) concentration
anomalies have long decay timescales [3], CO2-induced warming is essentially permanent
on human-relevant timescales [4,5] without the deployment of CO2 removal technologies.
Understanding possible future changes in the coupled climate–carbon cycle are therefore
of critical importance to making long-term projections of climate change over centuries to
millennia [6–8].
ESM simulations have helped quantify the gradient of the approximately linear and scenario-
independent relationship between cumulative emissions of CO2 and resultant global mean
warming [9–12] through coordinated experiments run by a set of ESMs from around the world
[2]. Using ESM-based estimates along with observational constraints, the 5th Assessment Report
(AR5) of the Intergovernmental Panel on Climate Change (IPCC) assessed the transient climate
response to cumulative emissions (TCRE—the global mean warming following a 1 TtC (1000 GtC)
injection of CO2 into the atmosphere) to be likely (greater than 66% probability) between 0.8 and
2.5°C [13], similar to the 0.8–2.4°C ESM-based TCRE range reported in [2].
The value of the TCRE has direct relevance to contemporary international climate policy
as the approximate linearity between warming and cumulative emissions leads to an all-
time ‘budget’ of allowable cumulative CO2 emissions compatible with any given warming
threshold, including the 1.5°C and 2°C thresholds of the Paris Agreement long-term temperature
goal [14,15]. While the timing of greenhouse gas (GHG) emission reductions is important for
economically efficient implementations of climate policy, particularly at national or regional
levels, the cumulative CO2 budget gives an unavoidable physical constraint on the total global
CO2 emissions over all time. Although partitioning the global carbon budget into national
shares is complex and value laden [16–18], carbon budget framings may play an important
role in setting national-level policies to meet the long-term temperature goal of the Paris
Agreement.
The large uncertainty in estimates of TCRE propagates into substantial uncertainty in the
allowable carbon budget for a given temperature threshold. For instance, varying TCRE from
0.8 to 2.5°C would change the all-time CO2-only cumulative carbon budget for a 2°C threshold
(which would only correspond to an absolute warming of 2°C from preindustrial under
the assumption that net non-CO2 warming is negligible at time of peak warming) by 1700
GtC (ranging from 800 to 2500 GtC), corresponding to over 150 years of present-day global
CO2 emissions.
Given the large uncertainties in TCRE arising from ESM simulations, this paper investigates
to what extent useful information can be derived from the historical record to further inform
estimates of the TCRE, and hence constrain estimates of remaining carbon budgets. We build on
the observational estimates made in both [9] and [2] to provide an update on observationally
constrained TCRE, incorporating the most recent observations of both warming and emissions.
The observational and model data used are discussed in §2. In §3a, we use a detection and
attribution method that does not directly rely on estimates of forcing or response from complex
climate models to estimate the all-forcing or ‘effective’ TCRE (the global mean warming from all-
forcing agents following 1 TtC cumulative CO2 emissions) [19] from observations and up-to-date
assessments of radiative forcing uncertainty. We then compare these observational effective TCRE
estimates with those simulated over the historical period in ESMs. In §3b, we discuss inferences
about uncertainty in the CO2-only TCRE over the historical period and compare with estimates
of ESM-simulated historical CO2-induced and non-CO2-induced. Section 4 contains a concluding
discussion.
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2. Data and methods
(a) Observational data
Observational temperature time-series are taken from a spatially in-filled version of the Met
Office Hadley Centre HadCRUT4 dataset [20] (which we refer to as HadCRUT4-CW). This 100
member ensemble of hybrid air/sea temperatures uses a statistical technique to in-fill unobserved
regions in the original HadCRUT4 product [21] so as to achieve complete global coverage and
enable a like-for-like comparison with global ESM output [22]. Observational data are used
at annual time resolution up until the end of 2016. The HadCRUT4-CW ensemble allows for
a systematic sampling of observational uncertainty; however, methodological choices between
different observational product represent another source of uncertainty. As a sensitivity test,
we also conduct analysis using the best-estimate warming from the Berkeley Earth dataset
[23], which shows higher warming over the historical period (see the electronic supplementary
material).
Observed cumulative emission estimates are taken from the 2016 Global Carbon Project
(GCP) dataset [24]. Observational uncertainties are accounted for using an ensemble created
by independent sampling of uncertainties in fossil fuel and industry emissions, and land-use
emissions as described in [24]. We also conduct sensitivity analysis using the 2017 GCP dataset
[25], which indicates substantially higher historical land-use change emissions (see the electronic
supplementary material).
A history of effective radiative forcing (ERF), and its uncertainty, is required to estimate
the fraction of observed warming associated with both human activities and that associated
specifically with CO2 emissions only. Best-estimate time-series of historical ERF for the individual
components of anthropogenic and natural radiative forcing (e.g. CO2, other well-mixed GHGs,
aerosols and volcanic) are taken from Myhre et al. [26] and have been extended using
observational data up to the end of 2016 as in [27]. The central estimate of ERF from non-CO2
GHGs has been updated to incorporate a recent upward revision to the methane radiative forcing
proposed in [28]. Volcanic forcing for the recent period is taken from Andersson et al. [29], and
solar forcing using data from Kopp [30].
Historical ERF uncertainty is sampled by multiplying the best-estimate forcing time-series
for a given component of ERF by draws from a distribution of the fractional uncertainty in
that component’s 2011 forcing, as assessed in IPCC-AR5 [26]. Individual forcing components
are sampled independently and then combined to create a distribution of uncertainty in total
historical ERF on the climate system (see electronic supplementary material, figure S1).
(b) ESM simulations
The ESM data used in this paper are taken from experiments conducted under the 5th Coupled
Model Intercomparison Project—CMIP5 [31]. We use results from the historical simulation as
well as from the Representative Concentration Pathway (RCP) scenarios [32,33] and the idealized
1%/yr atmospheric CO2 concentration increase experiment [34]. The list of ESMs used in this
analysis is as follows: CESM1-BGC, CanESM2, GFDL-ESM2G, GFDL-ESM2M, HadGEM2-CC,
HadGEM2-ES, IPSL-CM5A-LR, IPSL-CM5A-MR, IPSL-CM5B-LR, MIROC-ESM-CHEM,MIROC-
EMS, MPI-ESM-LR, NorESM1-ME, bcc-csm1–1 and inmcm4. Models for which data are not
available for the 1%/yr experiment are omitted from analysis that involves the use of those
experiments (§3b(i)). In comparing the ESMs against the observational record, we consider the
effect of observational processing on the modelled temperature anomalies to allow a like-for-like
comparison with observational products. ‘Blended’ time-series of globally complete simulated
warming are taken from [22], which processed model output using a blend of surface air-
temperatures (over land) and sea-surface temperatures (over ocean), similar to as in observational
products. This enables a direct ‘like-for-like’ comparison between globally completemodel output
and observational products that are statistically in-filled to address observational coverage gaps
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in order to estimate a global mean value. We use the RCP8.5 scenario [35] when comparing ESMs
to observations over the post-2005 period.
Diagnosed ESM CO2 emissions from Jones et al. [33] (historical and RCP experiments) and
Gillett et al. [2] (1%/yr experiment) are used throughout. Land-use emissions have been added,
where required, identically to as in [36]. Time-series of both warming and cumulative emissions
for all RCP ESM simulations are smoothed with a 10 year centred moving average to remove
modes of unforced natural variability and help isolate the externally forced signal (1%/yr ESM
simulations are smoothed with a 15 year running mean).
3. Results
(a) Estimating effective TCRE from the observational record and ESMs
Observed warming is driven by multiple anthropogenic forcing agents; however, the concept
of TCRE was derived from model-based results that focused primarily on CO2-only forced
simulations [2,9]. The physical mechanisms that give rise to the approximate linearity between
CO2-inducedwarming and cumulative emissions, namely the compensation between logarithmic
CO2 radiative forcing and increasing airborne fraction [9,37], apply to CO2-induced warming
only. As such, a time-independent effective (all-forcing) TCRE would only be expected to the
extent that CO2-induced warming dominates the forcing mix, or if the relative contribution of
non-CO2 forcing to warming remains approximately constant over time.
Observational time-series (together with their uncertainties, figure 1a) can be used to assess the
extent that the effective TCRE varies over time in the observational record. Grey bars in figure 1b
show the 5–95% of historical effective TCRE associated purely with observational uncertainty.
These are estimated using independent pairings of the HadCRUT4-CW and historical cumulative
emission ensembles averaged over the periods shown to the right of the bars. They show a non-
constant effective TCRE increasing from the early 1970s up until the 2010s. For the most recent
decade (2007–2016), purely observational uncertainty in effective TCRE spans a 1.51–2.19°C/TtC
5–95% range, dominated by uncertainty in the historical cumulative emissions which vary by
±17% (5–95% uncertainty) compared with ±8% for the HadCRUT4-CW ensemble.
Observed warming is determined by a combination of an externally forced warming
(associated with human and natural forcing on the climate system) and natural climate variability.
Unlike contributions from natural variability, warming driven by human activity is expected to
evolve relatively smoothly in time. To estimate human-induced warming, we use an attribution
analysis. This analysis is based on the optimal fingerprinting method of detection and attribution
of climate change [38], which uses a multiple linear regression to decompose observed warming,
!Tobs, into a forced component associated with anthropogenic drivers, !Tanthro—the human-
induced warming, a forced component associated with natural drivers, !Tnat, and an unforced
residual natural variability (ϵ), with δ acting as a regression constant,
!Tobs(t)= α!Tanthro(t)+ β!Tnat(t)+ δ + ϵ(t). (3.1)
We use a two-time constant impulse response model to simulate the forced warming regressor,
!Tn, for a particular component, Fn(t), of the total ERF acting on the climate system [39,40],
!Tn(t)=
∫ t
0
Fn(t′)
[ 2∑
i=1
qi
di
e−(t−t′)/di
]
dt′, (3.2)
where impulse response model parameters, qi and di, represent parameters of the climate
response to radiative forcing. Using an impulse response model to estimate !Tanthro(t) and
!Tnat(t), as opposed to using simulations from the CMIP5 archive, allows the latest revisions in
estimates of historical ERF components, and a broader range of possible fractional contributions
of CO2 to net forcing than simulated in the CMIP5 ensemble, to be used when making inferences
about TCRE over the historical period. We account for uncertainty in the historical ERF using a
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Figure 1. Implications of the historical record for constraining TCRE. (a) Time-series of warming as a function of cumulative
emissions formembers of the observational HadCRUT4/GCP ensemble (grey), the best-estimateHadCRUT4-CW/GCP time-series
(red) and best-estimate human-induced warming for HadCRUT4-CW (black) with beige lines showing a random sample from
the joint human-induced warming/emission uncertainty. Estimates for the effective TCRE over a range of periods are shown in
(b), derived from the same data as in (a). Grey bars show 5–95% ranges for observational uncertainty from the HadCRUT4/GCP
ensemble. Beige bars show 5–95% ranges for total uncertainty from the human-induced warming calculation and emission
observations. (c) The best-estimate (black line) and a random sample from the joint evolution of CO2-induced warming and
cumulative emissions over the historical period (beige lines). Panel (d) as for panel (b) but using the data in panel (c). Black dots
mark the best-estimate CO2-only TCRE estimate for each period. (Online version in colour.)
distribution of possible ERF histories (see §2a) and parametric uncertainty using a sampling of
qi and di consistent with distributions for the realized warming fraction (the ratio of transient
climate response—TCR—to equilibrium climate sensitivity [40]) and the short thermal response
timescale of the climate system from Millar et al. [41], approximating the distributions of these
variables across CMIP5 general circulation models. Observational uncertainty is sampled using
the HadCRUT4-CW ensemble and uncertainty associated with natural climate variability is
sampled by adding realizations of control climate variability from CMIP5 to the observed time-
series. Total uncertainty (5–95%) in attributed human-induced warming is shown by the purple
shading in figure 2a. Haustein et al. [27] showed that the dominant sources of uncertainty in
this calculation are ERF and internal variability uncertainties. As control variability is added
using global surface air-temperature fields, this may somewhat over-estimate the contribution of
internal variability uncertainty in the blended air-temperature/sea-surface temperature product.
The effective TCRE calculated using human-induced warming (black in figure 1) displays
substantially less variation over time than estimates from pure observed warming (grey bars)
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Figure 2. Comparison of ESM-simulated warming (blended) and diagnosed cumulative CO2 emissions (thin pastel coloured
lines) with unsmoothed in-filled observations (HadCRUT4-CW/GCP—thick red) and its attributed human-induced component
(black—with 5–95% shading shown in purple in (a)). (a) Warming relative to the average of 1861–1880, (b) diagnosed
cumulative CO2 emissions since 1870 (GCP observations are shown in red with grey shading 5–95%), (c) the joint evolution
of warming and cumulative CO2 emissions, and in (d) the all-forcing effective TCRE calculated with amoving average. The black
line in (c) and (d) uses the attributed human-inducedwarming time-series from (a). ESM temperature time-series are ‘blended’
air/seawarming smoothed using a 10 year centred runningmean in all cases. Beige shading in (d) indicates the total uncertainty
fromthe calculationofhuman-inducedwarmingandhistorical emissions. Thepurple crosses in (c)mark theall-time likely below
carbon budget from the IPCC-AR5 Synthesis Report (IPCC SYN). (Online version in colour.)
as the changing contributions of both temporary natural forcing (such as volcanic eruptions) and
natural climate variability have been regressed out. This indicates that natural climate variability
typically has a larger impact on estimates of effective TCRE from observations than changing
fractional contributions to forced warming associated with evolving historical non-CO2 forcing.
Total uncertainty in the attributed effective TCRE is larger (beige bars in figure 1b) than that
associated with purely observational uncertainty, as decadal mean uncertainty is much larger
in human-attributable warming than observed warming. Over the 2007–2016 period, the total
uncertainty on the attributed effective TCRE displays a 5–95% range of 1.43–2.37°C/TtC and a
best-estimate of 1.84°C/TtC.
(i) Effective TCRE in ESMs
As CMIP5 ESM simulations were driven by observed atmospheric CO2 concentration pathways,
compatible anthropogenic emissions can be diagnosed from the simulated land and ocean
 on April 17, 2018http://rsta.royalsocietypublishing.org/Downloaded from 
7rsta.royalsocietypublishing.org
Phil.Trans.R.Soc.A376:20160449
........................................................
carbon sinks compatible with the prescribed increase in atmospheric CO2 [33]. Therefore, CMIP5
historical simulations can be explicitly validated against the observational record in terms of
their joint simulation of warming and anthropogenic cumulative CO2 emissions, as both of these
variables are outputs of the ESM simulations.
Comparisons between the observed record and ESMs for temperature and diagnosed
cumulative CO2 emissions are shown in figure 2a,b. In 2016, the ensemble mean of the smoothed
global mean blended air/sea warming for the ESMs (solid thin coloured lines) was 0.10°C
(0.41 to −0.27°C ensemble range) warmer than the estimated human-induced warming from
global (HadCRUT4-CW) observations (solid black line approximately 1°C in 2016). Historical
cumulative CO2 emissions (to the end of 2016) are typically underdiagnosed relative to the
GCP observations in many of the ESMs (by 27 GtC for the multi-model mean, 121 to −65.7
GtC ensemble range), with nine out of 15 ESMs diagnosing historical cumulative emissions to
be less than best-estimate observed emissions between 1870 and 2016. As many ESMs typically
underestimate land or ocean carbon sinks, and hence compatible annual anthropogenic CO2
emissions needed to close the carbon budget [6,33,42,43], such underestimates in historical
cumulative emissions are expected. This underestimate of cumulative emissions in ESMs relative
to the best-estimate observed value is persistent over the last half century and as such cannot
be attributed to an artefact of the so-called ‘hiatus’ in warming which could have acted to
temporarily reduce the observed annual airborne fraction, therefore allowing models to meet a
similar concentration evolution with lower diagnosed emissions.
Combining the ESM simulations of warming and diagnosed cumulative emissions typically
produces estimates of the effective TCRE greater than the best-estimate from the historical period
(figure 2c,d). Subsequent to substantial variability in the effective TCRE prior to 1980, in both
ESMs and observations the effective TCRE has been approximately constant since 2000. ESMs
show a higher value than estimated from the observational best-estimate in 12 out of 15 ESMs
by 2016 (figure 1d). Despite the substantial variation between different observationally based
estimates of the effective TCRE, and substantial uncertainty in human-induced warming, the
mean ESM effective TCRE (2016) is 0.27°C/TtC higher than the estimate based on attributable
human-induced warming, and four out of 15 ESMs have effective TCREs greater than the
observational 95th percentile for 2016 (approx. 2.45°C/TtC; figure 2d).
Remaining carbon budgets estimates from ESMs are determined by the coevolution of
simulated warming and diagnosed CO2 emissions and not by either in isolation. All but three
of the 15 ESMs considered here have a greater warming than observational best-estimate human-
induced warming when diagnosed cumulative emissions reach 565 GtC in both the blended and
global surface air-temperature ESM time-series, with some models displaying warming already
in excess of 1.5°C for 565 GtC emissions (figure 3a) for both types of model output. Similarly,
both blended and global surface air-temperature ESM time-series can have substantially lower
diagnosed cumulative emissions than the observed best-estimate when warming reaches the 2016
best-estimate human-induced value of approximately 1.0°C (figure 3b).
(b) Estimating CO2-only TCRE
Estimating the CO2-only TCRE from observations requires an estimate of the fraction of human-
induced warming that is attributed to CO2. While CO2 radiative forcing is relatively well
constrained, total anthropogenic forcing remains uncertain largely due the range of possible
aerosol ERF once interactions with clouds are accounted for [26,44,45]. For a given member
of the ERF uncertainty sampling (subscript i), linear regression (equation (3.1)) can be used
to decompose attributed human-induced warming, !Tanthroi (!Tanthroi = αi!Tanthroi ), into the
forced warming associated with each component of the anthropogenic radiative forcing,
!Tanthroi (t)=!TCO2i (t)+!Taerosolsi (t)+ . . .= αi!TCO2i (t)+ αi!Taerosolsi (t)+ . . . , (3.3)
where responses to the sampled individual components of the forcing (e.g. !TCO2i (t)) are
computed using equation (3.2). Convolving independent sampling of ERF uncertainty and other
 on April 17, 2018http://rsta.royalsocietypublishing.org/Downloaded from 
8rsta.royalsocietypublishing.org
Phil.Trans.R.Soc.A376:20160449
........................................................
warming at 565 GtC
co
u
n
ts
0.5 1.0 1.5 2.0
0
1
2
3
4
ESM—global ‘blended’
ESM—global surface air 
   temperature
observations
cumulative emissions at 1°C
300 400 500 600 700 800
0
1
2
3
4
(a) (b)
Figure 3. ESM estimates of warming after 565 GtC of diagnosed cumulative CO2 emissions (a) and diagnosed cumulative CO2
emissions after 1.0°C of simulated warming (b). Filled red bars show results calculated with full global coverage surface air-
temperature warming and dashed blue outlines show blended ESM output. Dotted-dashed red and blue vertical lines indicate
ESM ensemblemeans (for global and global blended outputs) and dotted-dashed black vertical lines indicate the observations,
the human-attributable component of observed warming from HadCRUT4-CW in (a) and the GCP cumulative emissions in (b).
(Online version in colour.)
uncertainties, as described in §3a, provides a distribution for!TCO2i (t) that can be combined with
uncertainty in historical cumulative CO2 emissions to make inferences about the CO2-only TCRE
from observations.
The large uncertainty in aerosol ERF propagates into a wide range of possible contributions of
CO2 to observed warming today. Figure 1c shows 300 members of the joint distribution of CO2-
induced warming and cumulative emissions (beige lines) with the best-estimate marked with the
black line. The estimated CO2-induced warming to-date (2016) ranges from as little as 0.51°C
(5th percentile) to as much as 1.43°C (95th percentile) respectively, representing extremal cases
in which non-CO2 greenhouse gas forcing strongly dominates a weakly negative aerosol forcing
(5th percentile) and when net non-CO2 forcing is itself negative due to a strong negative aerosol
forcing, partly masking the CO2-induced warming in the present-day climate (95th percentile).
As long-lived forcing on the climate system is largely associated with elevated CO2 and N2O
concentrations (N2O currently contributes only approx. 9% of the forcing associated with CO2 in
the best-estimate case), our results indicate that there is a low, but non-zero, chance that current
warming from long-lived GHGs already exceeds 1.5°C based on current-forcing uncertainties.
This indicates that it still remains relatively unlikely that we are yet geo-physically locked-in to
a long-lived component of warming in excess of the high ambition goal of the Paris Agreement
and therefore a need to use carbon removal or solar geoengineering techniques to limit long-term
warming beneath this threshold.
The best-estimate of CO2-induced warming in 2016 is 0.74°C, corresponding to the best-
estimate radiative forcing components, in which CO2 forcing represents 74% of the net forcing
in 2016. Approximately linear relationships between cumulative emissions and attributed CO2-
induced warming are seen across the uncertainty range from the attribution analysis (figure 1c),
leading to approximately period-invariant best-estimates and uncertainty intervals on the implied
CO2-only TCRE estimates (figure 1d). The best-estimate CO2-only TCRE estimate over the most
recent decade (2007–2016) is 1.31°C/TtC and is approximately invariant over the four previous
decades considered here. The 5–95% range of the TCRE over the most recent decade is 0.88–
2.60°C/TtC, extending beyond the upper end of the 0.8–2.5°C/TtC likely range of TCRE assessed
by AR5. The overall similarity between the two ranges might be expected due to the inclusion
of observational constraints in the expert judgement underlying the AR5 assessment. While
observational attribution supports a best-estimate CO2-only TCRE in the bottom half of the AR5
likely range, the uncertainties associated with historical forcing mean that uncertainties in the
observationally estimated CO2-only TCRE remain large, and a high TCRE cannot be conclusively
ruled out by current observations.
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(i) ESM-simulated historical CO2-induced and non-CO2-induced warming
Using a combination of historical simulations and idealized 1%/yr CO2 concentration increase
experiments, it is possible to partition simulated historical warming in ESMs into CO2-induced
and non-CO2-induced components. From a time-series of simulated warming under the 1%/yr
experiments for a given ESM, it is possible to estimate the CO2-induced warming for a given
level of cumulative CO2 emissions. Comparisons with the estimate of the simulated warming in
the historical simulations for the same level of cumulative emissions allows a quantification of the
warming induced by CO2 alone versus the warming from non-CO2 anthropogenic and natural
forcing components.
This method assumes a linear separability between CO2 and non-CO2 warming, and a perfect
scenario independence of the relationship between cumulative CO2 emissions and CO2-induced
warming. While evidence exists for dependence of carbon-cycle feedbacks on the total warming
within the climate system [46,47], as well as some scenario dependence of the response to
cumulative emissions [48], to a first order these remain good assumptions to partition ESM-
simulated historical warming into CO2 and non-CO2 contributions. An additional implicit
assumption is that carbon-cycle feedbacks (which give rise to the relationship between warming
and cumulative emissions in these experiments) estimated from the 1%/yr simulation are a
good proxy for the carbon-cycle feedbacks over the historical period. For example, as the 1%/yr
simulations have fixed preindustrial land-use forcing, unlike the historical simulation, some
differences might be expected in the land carbon feedbacks between the two experiments for
a single climate model. We provide a proxy test of the similarity between ESM carbon-cycle
feedbacks in the two experiments using a simple climate carbon-cycle model in the electronic
supplementary material. Based on this technique, we conclude that the difference in carbon-
cycle feedbacks between the two experiments is unlikely to have a large effect on the diagnosed
cumulative emissions over the historical integration, but could be expected to have a substantial
effect under high future emission scenarios such as RCP8.5.
Diagnosed cumulative emissions for a given atmospheric concentration evolution will also
somewhat depend on the profile of other forcing agents, due to both non-CO2 contributions to
warming affecting natural carbon sinks and (in the case of aerosols) changes to the biogeochemical
carbon-cycle feedback by direct impact on diffuse surface radiation.MacDougall et al. [49] showed
that in the UVic intermediate complexity model, the inclusion of non-CO2 radiative forcing only
caused a small reduction in diagnosed cumulative CO2 emissions over the historical period.
Similarly, the study of MacDougall & Knutti [50] indicates only a fractionally small increase
in long-lived warming associated with the effect of present-day methane emission rates on the
efficacy of carbon sinks. Therefore, while the effects of both non-CO2 forcing on carbon sinks,
and possible difference between carbon-cycle feedbacks in the 1%/yr and historical integrations,
add uncertainty to estimates of ESM CO2-induced warming, the method used here can serve as a
useful approximation over the historical period.
ESM-derived CO2-induced air-temperature warming evolves steadily over time (figure 4a)
and reaches a mean value of 0.93°C in 2016 (0.59–1.40°C 5–95% range), 0.13°C higher than the
best-estimate observed surface air-temperature warming (which we calculate by ‘de-blending’
the observational product using the CMIP5 mean ratio between global air-temperature and
blended air/ocean warming from Richardson et al. [51]). The ESM simulations span a range of
CO2-induced warming consistent with uncertainties in the estimated attributable CO2-induced
warming from observations. This similarity would be expected due to a similar range of TCRE
uncertainty in attributed CO2 warming and the ESM 1%/yr experiments.
Non-CO2-simulated warming in the ESMs (figure 4b) has an ensemble mean value
approximately equal to the observationally based best-estimate, while three out of 11 ESMs
for which CO2 and non-CO2 contributions to warming are calculable have non-CO2 warming
greater than the 95th percentile of the attribution-estimated contribution in 2016, with some ESMs
displaying a sharp increase in non-CO2 warming around 2005 (the start of the RCP scenarios).
Non-CO2-induced warming as a fraction of total warming has remained relatively stable in both
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Figure 4. Historical CO2-induced and non-CO2-induced global surface air-temperature warming. ESMs (global mean air-
temperature warming) are shownwith thin coloured lines and estimated values from the observational attributionwith a thick
brown line (best-estimate—brown shading indicates 5–95% uncertainty). The observational estimate has been ‘de-blended’
(to estimate observed global mean surface air-temperature warming compatible with the blended air/ocean temperature
observational series) to allow a like-for-like comparison with global mean air-temperature warming in the 1%/yr simulation
from the ESMs. (a) Estimated CO2-induced warming and (b) estimated non-CO2 anthropogenic and naturally forced warming.
(c) The fraction of total warming due to non-CO2 drivers for the post-2000 period. (Online version in colour.)
ESMs and as estimated from observations since 2000 (figure 4c), with a recent uptick observed in
the observational best-estimate largely associated with an increase in methane radiative forcing
over the last decade.
4. Discussion and conclusion
A recent study [52] used a scenario-based approach to propose a larger remaining carbon budget
for limiting warming to below 1.5°C than the IPCC-AR5 assessment [15]. This was based, in
part, on applying ranges of ESM-based uncertainty in the warming response to cumulative
CO2 emissions to deduce remaining budgets for further warming above the present-day climate
state, but did not try to further constrain the TCRE or effective TCRE from the ESM range.
Here, we have analysed the implications of the observational record of warming and cumulative
CO2 emissions to update previous observational constraints on the TCRE. While uncertainties
associated with natural variability and poorly constrained ERF of non-CO2 climate forcers are
generally large, we find a best-estimate TCRE from an attribution analysis of the historical record
of 1.31 K/TtC, in the lower half of the IPCC-AR5 likely range, with uncertainties approximately
spanning the 0.8–2.5 K/TtC AR5 TCRE range (0.88–2.60°C/TtC 5–95% range). We find a higher
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upper uncertainty bound on TCRE than found using observational constraints in [2], possibly
associated with the different methodologies for accounting for uncertainty in the fractional
contribution of CO2-induced warming to total forced warming. Differences over the historical
period between ESMs and observations seem to arise in part from a higher mean CO2-induced
warming in the ESM ensemble, rapid non-CO2 warming since 2000 in some ESMs, and from
lower than observed diagnosed cumulative CO2 emissions for many members of the ESM
ensemble.
Based on our best-estimate of the historical effective TCRE (1.84°C/TtC), assuming a constant
effective TCRE into the future would be compatible with a best-estimate 520 GtC remaining
budget (approx. 47 years of current emissions—all budgets given to nearest 5 GtC) for 2°C and
250 GtC (approx. 23 years of current emissions) for 1.5°C. Using global air-temperature warming
from ESM simulations only, IPCC-AR5 assessed that limiting warming below 2°C relative to
preindustrial, with a probability greater than 66%, requires cumulative carbon emissions (since
preindustrial) to remain below 790 GtC (top purple cross in figure 1c). AR5 Synthesis Report
[15] provided a 615 GtC all-time budget for remaining below 1.5°C in 66% of CMIP5 RCP8.5
simulations (assuming a constant effective TCRE compatible with the 2°C budget would imply
a 1.5°C all-time budget of 590 GtC). Subtracting the latest estimates of historical emissions,
updated to 2016 inclusive (565 GtC, [24]), the remaining cumulative carbon emissions consistent
with the 1.5°C and 2°C target could be inferred as 50 and 225 GtC, respectively, equivalent to
approximately 5 and 20 years of present-day emissions. As the ESM distribution lies to the top
end or even outside of the uncertainty distribution for the historical effective TCRE, estimates
of the carbon budget to keep warming likely below 1.5°C based on the upper end of the ESM
effective TCRE distribution may be overly restrictive.
The observational uncertainties that we consider here do not include the effect of
methodological choices for both historical warming and cumulative emissions, which can be
large. As a sensitivity exercise we use the Berkeley Earth temperature dataset [23] (which
displays a larger warming from preindustrial than HadCRUT4-CW), and the recently released
GCP 2017 dataset [25], which includes a substantial increase in the best-estimate of historical
land-use change CO2 emissions. Using the Berkeley Earth temperature dataset (electronic
supplementary material, figure S5) would increase the estimated effective TCRE best-estimate
to 2.05°C/TtC (1.46°C/TtC for the CO2-only TCRE), while using the 2017 GCP dataset (electronic
supplementary material, figure S6) would reduce the effective TCRE best-estimate to 1.72°C/TtC
(1.23°C/TtC for CO2-only TCRE), with widened uncertainty bounds associated with greater
uncertainty over historical land-use change emissions.
There are several reasons to be cautious about extrapolating carbon budgets from effective
TCRE estimates derived from historical data alone. Inferences from the historical period may
not be particularly useful for understanding climate changes under very high future emission
scenarios. Climate feedbacks may evolve substantially over time [53], leading to increases in
important climate response parameters such as the transient climate response beyond the first
doubling of CO2 [54]. However, for very ambitious mitigation scenarios, changes in the transient
climate response and the effect of additional carbon-cycle feedbacks on remaining budgets would
be expected to be much smaller than seen under high future emission scenarios. Therefore, if risks
of ‘tipping-point’ Earth system feedbacks below 2°C are small, the historical record could indeed
offer relevant information about the TCRE that is useful for assessments of pathways to meet
ambitious mitigation goals. However, the risk of currently unpredicted and unmodelled Earth
system feedbacks still remains possible and acts as a caveat on all inferences about remaining
carbon budgets from the historical period. The probability of additional Earth system feedback,
and its impact on remaining carbon budgets, should be a topic for further scientific investigation.
An additional important caveat regarding the use of the historical record to constrain
remaining carbon budgets is the extent to which the future relationships between CO2-induced
warming, non-CO2-induced warming and natural variability are likely to change. As emissions
of CO2 and other climatically important gases are co-emitted in many cases, it remains unclear to
the extent that CO2 and non-CO2 mitigation can be considered separable at a global scale, given
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uncertainties in future technological development and economic demand [55]. Rogelj et al. [56]
indicates that future emission scenarios span a wide range of best-estimate contributions from
non-CO2 warming at the time of crossing temperature thresholds, which, when convolved with
the physical uncertainties for a specific emission scenario (see electronic supplementary material,
figure S4), leads to substantial uncertainty regarding the relative changes in the fractional
contribution of non-CO2 warming to temperature thresholds.
If future non-CO2 mitigation could be implemented to reduce the fraction of non-CO2
warming below today’s levels by the time of net-zero CO2 emissions, then remaining budgets
would be further extended. For example, if this fraction could be reduced to approximately
15% at peak warming, our best-estimate remaining budgets for 1.5°C and 2°C may be
extended to approximately 730 and 410 GtC, respectively (based on the best-estimate CO2-only
TCRE), indicating the potential importance of this uncertainty for ambitious mitigation policy.
Understanding possible future evolutions of this fraction under climate policy therefore remains
an important challenge for further research.
Given the currently irreducible uncertainties in observationally based estimates of the TCRE,
prudent climate policy to hedge against the possibility of a high TCRE is required. However,
climate policies should ideally be designed to incorporate new information about the climate
response into the ratcheting up of mitigation ambition over the century, as we learn more about
the climate response over time. Earth system modelling approaches that more directly parallel
the Paris Agreement’s goal-driven pledge and review mechanism to end up with stabilized
warming at specific thresholds [57] may be more effective ways of using Earth system modelling
frameworks to assess what future mitigation pathways might be consistent with ambitious
mitigation goals.
Data accessibility. CMIP5 ESM data can be downloaded from: https://esgf-node.llnl.gov/search/cmip5/.
HadCRUT4-CW data are made available at http://www-users.york.ac.uk/~kdc3/papers/coverage2013/
series.html. GCP emissions are made available at http://cdiac.ess-dive.lbl.gov/GCP/carbonbudget/2016/.
Blended model output for the historical and RCP8.5 simulation is available at http://www-users.york.ac.
uk//~kdc3/papers/robust2015/methods.html. Analysis code can be made available from the authors on
request.
Authors’ contributions. P.F. conceived of the study. R.J.M. and P.F. both designed parts of the analysis conducted
in the study. R.J.M. conducted the analysis, produced the figures and produced a first draft of the manuscript.
Both authors contributed to the editing and revision of the manuscript.
Competing interests. We declare we have no competing interests.
Funding. R.J.M. and P.F. were both supported by the Natural Environment Research Council project no.
NE/P014844/1.
Acknowledgements. The authors thank Piers Forster for making up-to-date radiative forcing data available,
Cowtan et al. [22] for providing publically available processed CMIP5 model output and Myles Allen
for useful discussions. We acknowledge modelling centres around the world for conducting the CMIP5
experiments used in this paper.
References
1. Friedlingstein P et al. 2006 Climate-carbon cycle feedback analysis: results from the C4MIP
model intercomparison. J. Clim. 19, 3337–3353. (doi:10.1175/JCLI3800.1)
2. Gillett NP, Arora VK, Matthews D, Allen MR. 2013 Constraining the ratio of global
warming to cumulative CO2 emissions using CMIP5 simulations. J. Clim. 26, 6844–6858.
(doi:10.1175/JCLI-D-12-00476.1)
3. Archer D, Brovkin V. 2008 The millennial atmospheric lifetime of anthropogenic CO2. Clim.
Change 90, 283–297. (doi:10.1007/s10584-008-9413-1)
4. Matthews HD, Caldeira K. 2008 Stabilizing climate requires near-zero emissions.Geophys. Res.
Lett. 35, L04705. (doi:10.1029/2007GL032388)
5. Solomon S, Plattner G-K, Knutti R, Friedlingstein P. 2009 Irreversible climate change due
to carbon dioxide emissions. Proc. Natl Acad. Sci. USA 106, 1704–1709. (doi:10.1073/pnas.
0812721106)
 on April 17, 2018http://rsta.royalsocietypublishing.org/Downloaded from 
13
rsta.royalsocietypublishing.org
Phil.Trans.R.Soc.A376:20160449
........................................................
6. Eby M et al. 2013 Historical and idealized climate model experiments: an intercomparison
of earth system models of intermediate complexity. Clim. Past 9, 1111–1140.
(doi:10.5194/cp-9-1111-2013)
7. Zickfeld K et al. 2013 Long-term climate change commitment and reversibility: an EMIC
intercomparison. J. Clim. 26, 5782–5809. (doi:10.1175/JCLI-D-12-00584.1)
8. Clark PU et al. 2016 Consequences of twenty-first-century policy for multi-millennial climate
and sea-level change. Nat. Clim. Chang. 6, 360–369. (doi:10.1038/nclimate2923)
9. Matthews HD, Gillett NP, Stott PA, Zickfeld K. 2009 The proportionality of global warming
to cumulative carbon emissions. Nature 459, 829–832. (doi:10.1038/nature08047)
10. Allen MRMR, Frame DJDJ, Huntingford C, Jones CD, Lowe JAAJA, Meinshausen M,
Meinshausen N. 2009 Warming caused by cumulative carbon emissions towards the trillionth
tonne. Nature 458, 1163–1166. (doi:10.1038/nature08019)
11. Meinshausen M, Meinshausen N, Hare W, Raper SCB, Frieler K, Knutti R, Frame DJ, Allen
MR. 2009 Greenhouse-gas emission targets for limiting global warming to 2°C. Nature 458,
1158–1162. (doi:10.1038/nature08017)
12. Zickfeld K, Eby M, Matthews HD, Weaver AJ. 2009 Setting cumulative emissions targets to
reduce the risk of dangerous climate change. Proc. Natl Acad. Sci. USA 106, 16 129–16 134.
(doi:10.1073/pnas.0805800106)
13. Collins M et al. 2013 Long-term climate change: projections, commitments and irreversibility.
In Climate change 2013: the physical science basis. Contribution of working group I to the fifth
assessment report of the intergovernmental panel on climate change (eds TF Stocker et al.), pp.
1029–1136. Cambridge, UK: Cambridge University Press.
14. IPCC. 2013 Summary for Policymakers. In Climate change 2013: The physical science basis.
Contribution of working group I to the fifth assessment report of the intergovernmental panel on climate
change (eds TF Stocker et al.), p. 33. Cambridge, UK: Cambridge University Press.
15. IPCC. 2014 Climate Change 2014: Synthesis Report. (doi:10.1017/CBO9781107415324)
16. Raupach MR et al. 2014 Sharing a quota on cumulative carbon emissions. Nat. Clim. Chang. 4,
873–879. (doi:10.1038/nclimate2384)
17. Gignac R, Matthews HD. 2015 Allocating a 2°C cumulative carbon budget to countries.
Environ. Res. Lett. 10, 75004. (doi:10.1088/1748-9326/10/7/075004)
18. Peters GP, Andrew RM, Solomon S, Friedlingstein P. 2015 Measuring a fair and
ambitious climate agreement using cumulative emissions. Environ. Res. Lett. 10, 105004.
(doi:10.1088/1748-9326/10/10/105004)
19. Matthews HD, Landry J-S, Partanen A-I, Allen M, Eby M, Forster PM, Friedlingstein P,
Zickfeld K. 2017 Estimating carbon budgets for ambitious climate targets. Curr. Clim. Chang.
Rep. 3, 69–77. (doi:10.1007/s40641-017-0055-0)
20. Cowtan K, Way RG. 2014 Coverage bias in the HadCRUT4 temperature series and its impact
on recent temperature trends. Q. J. R. Meteorol. Soc. 140, 1935–1944. (doi:10.1002/qj.2297)
21. Morice CP, Kennedy JJ, Rayner NA, Jones PD. 2012 Quantifying uncertainties in global and
regional temperature change using an ensemble of observational estimates: the HadCRUT4
data set. J. Geophys. Res. 117, D08101. (doi:10.1029/2011JD017187)
22. Cowtan K, Hausfather Z, Hawkins E, Jacobs P, Mann ME, Miller SK, Steinman BA,
Stolpe MB, Way RG. 2015 Robust comparison of climate models with observations using
blended land air and ocean sea surface temperatures. Geophys. Res. Lett. 42, 6526–6534.
(doi:10.1002/2015GL064888)
23. Rohde R, Muller R, Jacobsen R, Muller E, Groom D, Wickham C. 2012 A new estimate of the
average earth surface land temperature spanning 1753 to 2011. Geoinform. Geostat. Overv. 1,
1–7. (doi:10.4172/gigs.1000101)
24. Le Quéré C et al. 2016 Global carbon budget 2016. Earth Syst. Sci. Data Discuss. 8, 1–3.
(doi:10.5194/essd-2016-51)
25. Le Quéré C et al. 2017 Global carbon budget 2017. Earth Syst. Sci. Data Discuss. 2017, 1–79.
(doi:10.5194/essd-2017-123)
26. Myhre G et al. 2013 Anthropogenic and natural radiative forcing. In Climate change 2013:
the physical science basis. Contribution of working group I to the fifth assessment report of the
intergovernmental panel on climate change (eds TF Stocker et al.), pp. 659–740. Cambridge, UK:
Cambridge University Press.
27. Haustein K, Allen MR, Forster PM, Otto FEL, Mitchell DM, Matthews HD, Frame DJ. 2017 A
real-time global warming index. Sci. Rep. 7, 15417. (doi:10.1038/s41598-017-14828-5)
 on April 17, 2018http://rsta.royalsocietypublishing.org/Downloaded from 
14
rsta.royalsocietypublishing.org
Phil.Trans.R.Soc.A376:20160449
........................................................
28. Etminan M, Myhre G, Highwood EJ, Shine KP. 2016 Radiative forcing of carbon dioxide,
methane, and nitrous oxide: a significant revision of the methane radiative forcing. Geophys.
Res. Lett. 43, 12 614–12 623. (doi:10.1002/2016GL071930)
29. Andersson SM, Martinsson BG, Vernier JP, Friberg J, Brenninkmeijer CAM, Hermann M, Van
Velthoven PFJ, Zahn A. 2015 Significant radiative impact of volcanic aerosol in the lowermost
stratosphere. Nat. Commun. 6, 7692. (doi:10.1038/ncomms8692)
30. Kopp G. 2014 An assessment of the solar irradiance record for climate studies. J. Sp. Weather
Sp. Clim. 4, A14. (doi:10.1051/swsc/2014012)
31. Taylor KE, Stouffer RJ, Meehl GA. 2012 An overview of CMIP5 and the experiment design.
Bull. Am. Meteorol. Soc. 93, 485–498. (doi:10.1175/BAMS-D-11-00094.1)
32. Van Vuuren DP et al. 2011 The representative concentration pathways: an overview. Clim.
Change 109, 5–31. (doi:10.1007/s10584-011-0148-z)
33. Jones C et al. 2013 Twenty-first-century compatible CO2 emissions and airborne fraction
simulated by cmip5 earth system models under four representative concentration pathways.
J. Clim. 26, 4398–4413. (doi:10.1175/JCLI-D-12-00554.1)
34. Arora VK et al. 2013 Carbon-concentration and carbon-climate feedbacks in CMIP5 earth
system models. J. Clim. 26, 5289–5314. (doi:10.1175/JCLI-D-12-00494.1)
35. Riahi K, Rao S, Krey V, Cho C, Chirkov V, Fischer G, Kindermann G, Nakicenovic N, Rafaj P.
2011 RCP 8.5—a scenario of comparatively high greenhouse gas emissions. Clim. Change 109,
33–57. (doi:10.1007/s10584-011-0149-y)
36. Stocker TF et al. 2013 Technical summary. In Climate change 2013: the physical science basis.
Contribution of working group I to the fifth assessment report of the intergovernmental panel on
climate change (eds TF Stocker et al.), pp. 33–115. Cambridge, UK: Cambridge University
Press.
37. Millar R, Allen M, Rogelj J, Friedlingstein P. 2016 The cumulative carbon budget and its
implications. Oxford Rev. Econ. Policy 32, 323–342. (doi:10.1093/oxrep/grw009)
38. Hasselmann K. 1997 Multi-pattern fingerprint method for detection and attribution of climate
change. Clim. Dyn. 13, 601–611. (doi:10.1007/s003820050185)
39. Boucher O, Reddy MS. 2008 Climate trade-off between black carbon and carbon dioxide
emissions. Energy Policy 36, 193–200. (doi:10.1016/j.enpol.2007.08.039)
40. Millar RJ, Otto A, Forster PM, Lowe JA, Ingram WJ, Allen MR. 2015 Model structure
in observational constraints on transient climate response. Clim. Change 131, 199–211.
(doi:10.1007/s10584-015-1384-4)
41. Millar RJ, Nicholls ZR, Friedlingstein P, Allen MR. 2017 A modified impulse-response
representation of the global near-surface air temperature and atmospheric concentration
response to carbon dioxide emissions. Atmos. Chem. Phys. 17, 7213–7228. (doi:10.5194/
acp-17-7213-2017)
42. Friedlingstein P, Meinshausen M, Arora VK, Jones CD, Anav A, Liddicoat SK, Knutti R. 2014
Uncertainties in CMIP5 climate projections due to carbon cycle feedbacks. J. Clim. 27, 511–526.
(doi:10.1175/JCLI-D-12-00579.1)
43. Hoffman FM et al. 2014 Causes and implications of persistent atmospheric carbon dioxide
biases in earth system models. J. Geophys. Res. Biogeosci. 119, 141–162. (doi:10.1002/
2013JG002381)
44. Stevens B. 2015 Rethinking the lower bound on aerosol radiative forcing. J. Clim. 28, 4794–
4819. (doi:10.1175/JCLI-D-14-00656.1)
45. Myhre G et al. 2017 Multi-model simulations of aerosol and ozone radiative forcing due to
anthropogenic emission changes during the period 1990-2015. Atmos. Chem. Phys. 17, 2709–
2720. (doi:10.5194/acp-17-2709-2017)
46. Gregory JM, Jones CD, Cadule P, Friedlingstein P. 2009 Quantifying carbon cycle feedbacks.
J. Clim. 22, 5232–5250. (doi:10.1175/2009JCLI2949.1)
47. Joos F et al. 2013 Carbon dioxide and climate impulse response functions for the computation
of greenhouse gas metrics: a multi-model analysis. Atmos. Chem. Phys. 13, 2793–2825.
(doi:10.5194/acp-13-2793-2013)
48. Zickfeld K, Arora VK, Gillett NP. 2012 Is the climate response to CO2 emissions path
dependent? Geophys. Res. Lett. 39, L05703. (doi:10.1029/2011GL050205)
49. MacDougall AH, Zickfeld K, Knutti R, Matthews HD. 2015 Sensitivity of carbon budgets
to permafrost carbon feedbacks and non-CO2 forcings. Environ. Res. Lett. 10, 125003.
(doi:10.1088/1748-9326/10/12/125003)
 on April 17, 2018http://rsta.royalsocietypublishing.org/Downloaded from 
15
rsta.royalsocietypublishing.org
Phil.Trans.R.Soc.A376:20160449
........................................................
50. MacDougall AH, Knutti R. 2016 Enhancement of non-CO2 radiative forcing via intensified
carbon cycle feedbacks. Geophys. Res. Lett. 43, 5833–5840. (doi:10.1002/2016GL068964)
51. Richardson M, Cowtan K, Hawkins E, Stolpe MB. 2016 Reconciled climate response
estimates from climate models and the energy budget of Earth. Nat. Clim. Chang. 6, 931–935.
(doi:10.1038/nclimate3066)
52. Millar RJ et al. 2017 Emission budgets and pathways consistent with limiting warming to
1.5 °C. Nat. Geosci. 10, 741–747. (doi:10.1038/ngeo3031)
53. Armour KC. 2017 Energy budget constraints on climate sensitivity in light of inconstant
climate feedbacks. Nat. Clim. Chang. 7, 331–335. (doi:10.1038/nclimate3278)
54. Gregory JM, Andrews T, Good P. 2015 The inconstancy of the transient climate response
parameter under increasing CO2. Phil. Trans. R. Soc. A Math. Phys. Eng. Sci. 373, 20140417.
(doi:10.1098/rsta.2014.0417)
55. Rogelj J, Meinshausen M, Schaeffer M, Knutti R, Riahi K. 2015 Impact of short-lived non-CO2
mitigation on carbon budgets for stabilizing global warming. Environ. Res. Lett. 10, 75001.
(doi:10.1088/1748-9326/10/7/075001)
56. Rogelj J, Schaeffer M, Friedlingstein P, Gillett NP, van Vuuren DP, Riahi K, Allen M, Knutti R.
2016 Differences between carbon budget estimates unravelled. Nat. Clim. Chang. 6, 245–252.
(doi:10.1038/nclimate2868)
57. Sanderson BM et al. 2017 Community climate simulations to assess avoided impacts in 1.5 and
2 C futures. Earth Syst. Dynam. 85194, 827–847. (doi:10.5194/esd-8-827-2017)
 on April 17, 2018http://rsta.royalsocietypublishing.org/Downloaded from 
